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Objective Results
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To develop a physics-informed neural network (PINN)
that predicts continuous electric-potential and electric-
field distributions for microelectrode stimulation.
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o Conclusion

Neural responses to microstimulation are governed by Pottom Wal
the spatial structure of the electric field rather than
current alone, with multielectrode configurations I
producing complex field patterns. GESSSSS e 2L Y e ——S e
PINN Electrode Region (Zoom) E —0.11 E —0.17
Existing modeling approaches force a tradeoff .
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Figure 3. FEM and PINN Comparison
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Figure 1. Conceptual overview of field modeling. 5 . T : .
5 while significantly reducing computational cost. These results
10° suggest the approach is a promising surrogate model, with
Methods future work extending to 3D geometries and more complex
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